Abstract: An adaptive computational model is presented for estimating the work zone capacity and queue length and delay, taking into account the following factors: number of lanes, number of open lanes, work zone layout, length, lane width, percentage trucks, grade, speed, work intensity, darkness factor, and proximity of ramps. The model integrates judiciously the mathematical rigor of traffic flow theory with the adaptability of neural network analysis. A radial-basis function neural network model is developed to learn the mapping from quantifiable and nonquantifiable factors describing the work zone traffic control problem to the associated work zone capacity. This model exhibits good generalization properties from a small set of training data, a specially attractive feature for estimating the work zone capacity where only limited data is available. Queue delays and lengths are computed using a deterministic traffic flow model based on the estimated work zone capacity. The result of this research is being used to develop an intelligent decision support system to help work zone engineers perform scenario analysis and create traffic management plans consistently, reliably, and efficiently.
Introduction
Recognizing the need for serving the public's present and future transportation needs, the Transportation Equity Act for the 21st Century ͑FHWA 1998͒ has earmarked increased funding for maintenance, rehabilitation, and reconstruction of the nation's aging highway system. It is therefore expected that the number of work zones would increase in the future, further impacting the normal operation of the highway system. The primary goal of the various departments of transportation ͑DOTs or traffic agencies͒ is to enhance mobility and safety at all times on the highway system. Over the years, the quality and uniformity of traffic control devices and procedures have improved. However, the numbers of work zone related fatalities and injuries have remained practically the same, and the traveling public has become increasingly frustrated with additional mobility restrictions ͑FHWA 2000͒. A large population is exposed to work zones and their negative impacts. This in turn generates widespread negative sentiments towards the public agencies responsible for providing efficient and safe transportation services to the public.
As work zones on today's highways are becoming an increasingly frequent and unavoidable reality, traffic agencies are faced with the challenging problem of effectively planning and managing work zones in their jurisdictions. This is a complex, multifaceted problem that requires life-cycle cost analyses at the system level. An analysis at the system level, however, will only be useful when a reliable model for the impact of a given work zone on traffic flow is available. In current practice, work zone engineers rely on their judgment based on previous experiences to quantify work zone traffic impacts and to make decisions. Work zone engineers have to consider a large number of factors such as work zone layout, work intensity, diversion of traffic, and driver behavior.
The effectiveness of a work zone traffic management plan ͑TMP͒ may be measured by the delay experienced by motorists and/or the length of queue formed on the upstream side. To improve the objectivity and reliability of a work zone TMP, a reliable model is needed that maps traffic flow and work zone characteristics to delay time and queue length. For such a model to be useful in practice, it must have the following characteristics: • It should be based on a simple underlying principle of traffic flow. Complicated physical and/or psychological models of traffic flow are unrealizable and intractable for practical purposes. Also, the data input needed for some of these models are not readily available, thus introducing a source of error. A simple model, on the other hand, can be reasoned with and ''calibrated'' to produce reliable results for different work zone scenarios.
• It should consider the major factors that affect traffic flow through work zones. For example, work zone capacity should not be an input, but rather should be determined from an input of work zone characteristics. Consequently, the model should be able to process both quantifiable and nonquantifiable ͑or linguistic͒ variables involved in the analysis.
• It should be flexible in the sense that it can be adapted and extended for the analysis of different work zone traffic control scenarios. In particular, its applicability should not be restricted to a single roadway geometry and/or work zone layout. To accomplish this, the model should be capable of learning from input/output data and not be based solely on a physical/psychological model of traffic flow. This is essential because real world behavior under all situations can not be modeled satisfactorily by conventional mathematics only. With these guidelines in mind, a new adaptive computational model is developed for estimating the work zone capacity as well as queue delay and length based on the conservation principle of traffic flow. The model integrates judiciously the mathematical rigor of traffic flow theory with the adaptability of neural network analysis. A radial-basis function neural network ͑RBFNN͒ model is developed to learn the mapping from quantifiable and nonquantifiable factors describing the work zone traffic control problem to the associated work zone capacity. Queue delays and lengths are computed using a deterministic traffic flow model based on the estimated work zone capacity. The goal of this research is to help create an intelligent decision support system to help work zone traffic engineers create TMPs consistently and efficiently.
Review of Work Zone Traffic Control Planning
A work zone is a region within an existing highway's roadway where active maintenance, rehabilitation, and/or reconstruction work is carried out. The highway is not closed, and traffic flow and highway work exist in close proximity to each other. A work zone thus imposes a spatial and temporal restriction on a highway's roadway that negatively impacts the normal flow of traffic. These impacts appear as increased congestion, travel times, accidents, and a greater level of dissatisfaction among the traveling public. Work zones are planned and managed to minimize these impacts and the overall cost. A primary concern of traffic agencies is creation of TMPs for long-term stationary work zones ͑with duration of more than one day͒, because they are of high impact and visibility with a lot at stake for all parties involved. Development of such plans requires a careful analysis of traffic flow through the work zone to determine the best work phasing and work zone layout. As mentioned earlier, the overall problem of planning and managing of work zones in a highway system is complex, requiring life-cycle cost analyses. Nowadays, however, the primary focus of traffic agencies is the creation of a TMP for a given work zone that minimizes queue delays and lengths.
Construction and maintenance work zones on highways have been studied for more than 30 years in an effort to develop safer and more effective TMPs. A survey of the literature that specifically deals with mobility of traffic through work zones reveals a mix of empirical studies and mathematical analyses. Empirical studies collect and analyze data from work zones in an effort to develop an understanding of traffic demand, work zone capacity, work zone layout, traffic mitigation strategies, and traffic congestion.
By analyzing data from 161 observations of freeway queuing, Cottrell ͑2001͒ presents an empirical model of queuing delay using linear regression analyses. Equations are presented that relate traffic flow and capacity variables to queue delay variables. The model, however, is for recurrent congestion only and does not consider congestion caused by work zones and their associated variables. Cassidy and Mauch ͑2001͒ also study recurrent congestion using cumulative plots of traffic count and show that the density in long queues that span several interchanges decreases in the upstream direction. In an earlier study, Cassidy and Bertini ͑1999͒ analyze discharge patterns from freeway bottlenecks and conclude that discharge rates are nearly constant when taken cumulatively. These two articles provide general insights into queuing behavior caused by bottlenecks that may be applicable to work zones also. By analyzing data from 24 work zones, Dixon et al. ͑1996͒ present capacity values of work zones for both urban and rural freeways. They found that work zone capacity is affected significantly by work intensity, rural and urban location, and darkness. The presence of a work zone forces many regular motorists to choose alternative routes even when a diversion is not specified explicitly. This phenomenon, called natural diversion, can play a significant role in work zone traffic flow analysis. Natural diversion is studied by Ullman ͑1996͒ for the particular situation where the freeway has continuous frontage roads. Krammes and Lopez ͑1994͒ provide recommendations for work zone capacity after analyzing data from 33 work zones. They present a single base work zone capacity for different work zone configurations. This base value can be modified to reflect the effects of work intensity, traffic composition ͑percentage of trucks͒, and the presence of ramps just upstream of the work zone. The Highway Capacity Manual ͑TRB 2000͒ represents the current state of practice in traffic analyses, summarizing the results of empirical studies of the past 20 years. Its coverage of work zone capacity, however, is brief and limited to a few general recommendations.
Empirical studies are generally limited in scope and not readily applicable to decision making where different scenarios have to be analyzed objectively. They do provide valuable insights, but such insights are case-specific and have to be captured in a generalized computational model to be of value to traffic agencies in the development of TMPs. Several models have been proposed in the literature for the determination of queue lengths and delay times associated with work zones. In general, these models are based on one of two approaches of traffic flow theory: shock wave analysis and queuing analysis ͑May 1990͒. Shock wave analysis traces shock waves, or boundaries demarcating different flow regimes, in time and space to determine regions of queued ͑congested͒ and uncongested flow. Shock wave analysis is deterministic in nature and uses only two macroscopic traffic flow parameters, traffic demand and roadway capacity, as input. It does not take into account the dependence of traffic demand and work zone capacity on many other parameters and is therefore not very reliable for work zone traffic flow analysis. In queuing analysis, a work zone is modeled as a service process where vehicles arriving at the work zone experience some delay ͑queue delay͒ before they are able to continue along the highway. Queuing analysis can be deterministic or stochastic, and it may use either macroscopic or microscopic traffic flow parameters. Deterministic queuing analysis suffers from the same shortcoming as shock wave analysis, while stochastic analysis requires traffic distribution information that is often not available in practice. A microscopic stochastic model of traffic flow provides the most detailed analysis possible. The accuracy of such a model, however, depends on the accuracy of human-vehicle-environment behavior models, which are still not well understood and are an area of research.
Chien and Schonfeld ͑2001͒ present an optimization model for the optimal length of a work zone on a four-lane divided highway ͑two lanes in each direction͒ with one lane in each direction closed. The objective function is the total cost, including user cost, accident cost, and agency maintenance cost. The model assumes that work zone capacity is constant and independent of work zone characteristics. Islam and Seneviratne ͑1993͒ evaluate the suitability and effectiveness of four traffic planning software tools for the evaluation of TMPs, while Sadegh et al. ͑1988͒ present a simulation model for work zones on arterials. The computer program QUEWZ ͑queue and user cost evaluation of work zones͒ evaluates queue lengths and additional user costs for work zones on freeways ͑Memmott and Dudek 1984; Krammes et al. 1987͒ . This model uses the conservation of flow principle to calculate the queue lengths and user costs for different lane closure configurations and work schedules. The capacity of the work zone is calculated from empirical speed-flow-density relationships and is independent of the work zone characteristics, such as work zone layout and work intensity.
Recently, an initiative at the Federal Highway Administration ͑FHWA͒ was launched to develop strategic tools for work zone traffic analysis and decision support. As part of this program, a spreadsheet based tool called QuickZone has been developed to quantify work zone queue delays and lengths given work zone capacity, traffic demand, and work phasing ͑Mitretek 2000͒. The QuickZone software takes as input hourly values of traffic demand and work zone capacity. Queue lengths and delays are computed by the deterministic input-output conservation principle of traffic flow. The software does not take into account work zone layout, lane widths, driver behavior, work intensity, and proximity of ramps in the computation of work zone queue delays and lengths.
Deterministic Queuing Model for Work Zone Traffic Analysis
A deterministic macroscopic queuing model is used to calculate queue lengths and delays produced by bottlenecks on highways such as work zones. This model is based on the principle of conservation of flow, which states that under homogeneous roadway conditions the number of vehicles entering a segment in a given time period must be equal to the number of vehicles exiting the segment in the same time period. If the road segment is inhomogeneous, with a bottleneck such as a capacity reducing work zone existing on a portion of the segment, then the number of vehicles exiting may be fewer than the number of vehicles entering the segment. The difference in such a situation represents the queue formed in the upstream direction.
This model is an adaptation of the theory of incompressible fluid flow to vehicular traffic streams. It only requires as input traffic demand ͑or flow rate͒, highway capacity, and their variation over time. If conservation of flow is evaluated over a reasonable time period ͑say, greater than 15 min͒ the model produces practically accurate estimates for queue lengths and delay times that can be used for planning, assuming that the demand and capacity values represent the actual conditions on the highway accurately. In the following paragraphs, the model is formulated for a single link or segment of freeway containing a capacity reducing work zone. Fig. 1 shows the layout of a freeway segment with a construction work zone. The work zone acts like a metered on-ramp that allows only a certain number of vehicles to pass through in a given amount of time. Major freeway repair, rehabilitation, and reconstruction projects are multiday repetitive operations where work zone layout and phasing is often identical from day to day. Therefore, it is sufficient to analyze a typical day ͑or at most a few typical days͒ of work for their traffic impact. If a 1 h evaluation time period (⌬tϭ1 h) is considered, 24 values of traffic demand or anticipated hourly traffic flow approaching the work zone ( f t ) and highway capacity (c) are needed as input to cover a period of 1 day. Let these values be denoted by f t (tϭ0,..,23) and c(t) (tϭ0,..,23), respectively, where the index t indicates the time period. Then, for time periods tϭ1, 2, 3,..., 23, using the conservation principle, the number of vehicles in the queue in time period t is given by
The term Q(tϪ1) on the right-hand side of recursive Eq. ͑1͒ represents the number of vehicles in the queue for the previous time period. When tϭ1, the queued vehicles at the previous time period Q(tϪ1) can be taken equal to zero if the beginning of the evaluation period is chosen at a time when demand is less than the capacity. The highway capacity c(t) is equal to the work zone capacity, c W , when the work zone exists and equal to c 0 , the capacity of the freeway, in the absence of the work zone ͑Fig. 1͒.
If k is the jam density ͑the number of queued vehicles that occupy a given length of highway͒, then the average length of the queue at time period t is given by
The expected daily queue delay ͑in vehicle-hours͒ experienced by motorists is given by
where ⌬tϭ1 h is the evaluation time period. Eqs. ͑1͒-͑3͒ define the primary parameters needed by the work zone engineer to assess the impact of a work zone on traffic in creating a TMP. Using these values, the user delay cost can be estimated provided that the average cost per vehicle hour expressed in dollars per vehicle hour is known. The accuracy of this analysis depends on the accuracy of the demand and capacity values used.
Estimation of Traffic Demand at Work Zones
To accurately predict the temporal development and extent of queues and delays created in work zones, it is necessary to have a reasonably accurate estimate of the traffic demand-that is, the anticipated hourly traffic flow of the freeway approaching the work zone. The annual average daily traffic ͑AADT͒, which is the daily traffic demand averaged over all days of the year, is unsuitable for this purpose. These traffic demand values reflect the behavior and usage pattern of the public under normal and unrestricted freeway conditions. The usage patterns usually change after the establishment of the work zone impacting analyses of work zone traffic congestion. Once a work zone is set up on a freeway, traffic demand for that segment of the freeway reduces in reaction to increased travel times and availability of alternate routes. Therefore, the traffic flow approaching a work zone can be expressed as
where f t Јϭaverage traffic demand on the highway prior to the establishment of the work zone; ␣ S ϭseasonal demand factor; and ␣ D (t) (0Ͻ␣ D р1) is the demand reduction factor ͑or diversion factor͒. The value of the latter factor depends on the number of motorists: ͑1͒ choosing alternate routes; ͑2͒ changing their schedules to avoid the work zone; ͑3͒ canceling their trips because of the work zone; and ͑4͒ changing transportation mode, for example, opting to use public transportation. Diversion of traffic through alternate routes may be signed or advised by an advanced traveler information system ͑ATIS͒. Or, it may occur naturally where motorists familiar with the highway corridor select alternate paths to their destinations. The magnitude of ␣ D (t) is determined from traffic demand studies carried out for similar freeway work zone scenarios. Alternatively, or in addition to traffic demand studies, the demand reduction factor can be determined from a traffic network analysis of the freeway corridor that includes the work zone and alternate origin-destination routes. This factor can change from one time period to another as the congestion caused by the work zone changes. This is because long queues and delays dissuade motorists from continuing on the freeway and force them to seek alternate routes.
Neural Network Model for Estimating Work Zone Capacity Factors Affecting Work Zone Capacity and Included in Model
Accurate estimates of work zone capacity are critical for reliable and accurate computation of queue delays and lengths at work zones. Work zone capacities and, in general, freeway capacities depend on the prevailing roadway, traffic, and control conditions. As these conditions within a work zone are significantly different from those in an unrestricted segment of the freeway, work zone capacities have to be estimated separately for each work zone scenario by taking into consideration the unique characteristics of the work zone TMP that impact capacity. For example, work zone layouts may contain uncommon geometries such as lane drop-offs and sharp horizontal alignment changes that cannot support high speeds, thus reducing the freeway capacity.
The primary factors impacting the work zone capacity and considered in this research are: number of lanes (x 1 ); number of open lanes (x 2 ); work zone layout (x 3 ); work zone length (x 4 ); lane width (x 5 ); percentage of trucks (x 6 ); grade (x 7 ); work zone speed (x 8 ); work intensity (x 9 ); darkness factor (x 10 ); and proximity of ramps or interchange effects (x 11 ). Theoretically, work zone capacity can be expressed as a function of these parameters: As part of a TMP, a lower speed limit may be imposed and enforced through the work zone to enhance safety. A lower work zone speed, however, decreases the capacity of the work zone. The work intensity parameter describes the intensity of work activity carried out in the work zone. This is a readily nonquantifiable parameter. In this research, the work intensity is broadly categorized into low, medium, or high, depending on the size and number of the equipment and labor at the site, the noise and dust created, and the proximity of work to the traveled lanes. For example, a pavement marking operation is a low intensity work, pavement resurfacing is a medium-intensity work, and pavement rehabilitation/lane addition is a high-intensity work. For computational modeling, these three work intensity categories are identified by 0.1, 0.5, and 0.9, respectively. Low-visibility and darkness reduces capacity, as motorists become more cautious under such conditions. The darkness factor can vary from greater than 0 to 1, where 1 indicates adequate illumination that does not reduce capacity.
The interchange effects ͑proximity of ramps͒ parameter indicates the presence of an on-or off-ramp within 1,500 ft upstream of the work zone taper, or 500 ft downstream of the work zone. The proximity of ramps produces turbulence in traffic flow, reducing the number of vehicles moving through the work zone. This parameter is modeled as a binary two-valued parameter with values of 0 ͑no ramps͒ or 1 ͑ramps exist in proximity to the work zone͒.
The Case for Neural Networks
There is no mathematical function for the work zone capacity function represented by Eq. ͑5͒. In other words, the work zone capacity problem is too complicated to be amenable to classical mathematical solutions. The widely used Highway Capacity Manual ͑HCM͒ ͑TRB 2000͒ provides scant information on the work zone capacity based on empirical data measurements. It provides a base capacity value for ideal unrestricted highway segments. This value can be modified to take into account certain deviations from the ideal conditions by applying reduction factors. Conditions within work zones are far from ideal, and the values and reduction factors given for the ideal highway segments are generally not applicable to work zone analysis. The HCM provides a base capacity of 1,600 vehicles per hour per lane ͑vphpl͒ for short-term work zones of any layout. Guidelines are also given on how to modify the base value to take into consideration work intensity, percentage trucks, proximity of ramps, and lane widths. Other factors considered in this research and described in connection with Eq. ͑5͒, such as work zone layout, are not considered. Furthermore, it is important to consider the interaction of various factors on the work zone capacity. For example, darkness has a significant impact when the work is of high intensity.
Artificial neural networks have been used to solve complicated pattern recognition and estimation problems not amenable to conventional mathematical modeling ͑Adeli and Hung 1995; Adeli and Park 1998; Adeli and Karim 2001͒. Most civil engineering applications of the neural networks are based on the simple backpropagation ͑BP͒ algorithm ͑Adeli 2001͒. But the BP algorithm has shortcomings, including very slow convergence rate and problem-dependent trial-and-error selection of the learning and momentum ratios. In the next section, a radial-basis function neural network ͑RBFNN͒ is developed for estimating the freeway work zone capacity.
The RBFNN has a simple topology consisting of an input layer, a hidden layer of nodes with radial basis transfer functions, and an output layer of nodes with linear transfer functions. Using the training data, the RBFNN creates clusters for similar patterns. Each cluster has a center ͑represented by a hidden layer node͒. Similarity of any new pattern to the training patterns is measured by its proximity to the centers of the clusters. As such, the RBFNN is a regularization or generalization network ͑Moody and Darken 1989; Poggio and Girosi 1990͒. It is most suitable for estimation problems where limited data is available and overfitting needs to be avoided. The danger of overfitting is reduced by the local nature of the transfer functions that allow only a fraction of the nodes to participate in the mapping of a given pattern. When data are limited, the effect of noise becomes significant and some patterns may not be sufficiently represented in the training. Generalization in the vicinity of cluster centers is maintained by the graded nature of the transfer functions. The generalization properties of RBFNNs are discussed in detail by Poggio and Girosi ͑1990͒ and Adeli and Wu ͑1998͒. In contrast, the multilayer feed-forward neural network trained by the BP algorithm has a large number of global transfer functions, making it susceptible to the overfitting problem when training data are limited and noisy.
Another advantage of the RBFNN over the multilayer feedforward neural network and BP algorithm is its rapid training. Information in an RBFNN is locally distributed. As such, only a few weights have to be modified in each iteration during the training process. Because of these reasons, the RBFNN is found to be suitable for learning the work zone capacity function for which only limited data is available.
Radial-Basis Function Neural Network for Estimating Work Zone Capacity
The architecture of the proposed RBFNN for estimating the work zone capacity is shown schematically in Fig. 3 . It has an input layer with eleven nodes representing the eleven parameters included in the work zone capacity function defined by Eq. ͑5͒, a hidden layer with N h nodes with radial-basis transfer functions, and an output layer with one node representing work zone capacity.
Some of the variables in Eq. ͑5͒, such as the work intensity, are in linguistic terms. Such linguistic variables are preprocessed first by converting them to numerical values normalized between zero and one. The numerical parameters are normalized between 0 and 1 as well. The normalization is done so that no single factor dominates the training process. The number of nodes in the hidden layer, N h , is equal to the number of cluster centers used to characterize the training data. It is chosen as a fraction of the total number of training instances. This choice is based on numerical experimentation for the problem at hand to determine which number adequately covers the input space and produces the best mapping. A number within the range of 10-30% of the number of training instances is found to produce satisfactory results ͑Adeli and Karim 2000͒. The cluster centers are represented by vectors j (1р jрN h ) obtained using the fuzzy c-means algorithm described in Adeli and Karim ͑2000͒.
The weight of the link connecting the input node i to the hidden node j is set equal to i j corresponding to the ith component of the vector j . The output of a hidden node j is determined by the following Gaussian transfer function:
where xϭvector of input variables; and the factor j controls the spread or range of influence of the Gaussian function centered at j . In this work j is calculated as ͑Adeli and Karim 2000͒
Eq. ͑7͒ approximates the spread parameter j as one-third of the mean distance between cluster centers. The connection from the hidden node j to the output node is assigned the weight j , to be described shortly. The output y of the network is then given by
The weights j are calculated by minimizing the error between the network computed output y and the desired output y d based on training examples. In other words, to train the network for j 's, we solve the following unconstrained optimization problem:
where Nϭtotal number of training instances. The gradient descent optimization algorithm is used to solve this optimization problem. The output y of the system represents the work zone capacity, c W . Fig. 4 shows schematically the interrelation of work zone capacity, traffic demand, and delay estimation models. The work zone capacity estimation model takes as input the 11 parameters affecting work zone capacity. These values are passed through the trained RBFNN model to determine the work zone capacity for the given work zone scenario. The traffic demand estimation model takes as input the hourly traffic demand prior to the establishment of the work zone, the queue delay and length, if any, and the driver behavior characteristics. The latter two factors are used to estimate the demand reduction factor. The estimates of queue delay and length are obtained from the work zone queue delay and length estimation model. This model takes as input the outputs from the traffic demand and work zone capacity estimation models. The work zone capacity and the modified traffic demand are used to estimate the work zone queue delay and length using Eqs. ͑3͒ and ͑2͒, respectively. The model is evaluated for each time period ⌬t ͑for example, every hour͒. If the work zone scenario does not change during the construction, then the work zone capacity remains constant during the analysis. Otherwise, different work zone capacity values are determined for different times of the construction, reflecting the changing work zone scenario. Similarly, if the traffic flow approaching the work zone is known and the demand reduction factor is one, the traffic demand model is evaluated once. Otherwise, it is evaluated at every time step.
Computation of Work Zone Queue Delays and Lengths

Training and Testing the Network
The RBFNN model for work zone capacity estimation is trained using 40 examples of work zone capacity ͑Table 1͒. These examples are created from the work zone capacity table provided by ODOT, the guidelines presented in the Highway Capacity Manual ͑TRB 2000͒ for different highway and work zone capacities, and the experience and judgment of the writers. The ODOT lookup tables provide work zone capacity values for lane closure configurations of 3 to 2, 3 to 1, and 2 to 1, lane widths of 10, 11, and 12 ft, truck percentages from 0 to 25, work zone lengths from 0 to greater than 8 miles, and roadway upgrades from 0 to 6%. Guidelines from the HCM, in the form of recommended ranges of adjustments, are used in conjunction with the judgement of the writers to adjust the capacity values for work zone layout, work zone speed, work intensity, and proximity of ramps. The training examples represent as many possible combinations of work zone scenarios to ensure that the boundaries of the input space are adequately covered for effective generalization by the RBFNN model. Training of the network took less than 10 s on a Pentium 4 PC with a root mean square error of 165. The purpose of the training was to achieve a generalized mapping rather than a perfect fit to the training data. A perfect fit would be of little practical value, considering the noisy nature of the training data and the complexity of the problem, which depends on many factors in addition to the eleven primary factors modeled in this research.
The network is tested using 27 work zone capacity values observed in the field and reported in the literature ͑denoted by scenarios 1-27 in The RBFNN is used to estimate the work zone capacity for these real work zone scenarios from a variety of sites with different traffic and geometric characteristics. The work zone capacity values estimated by the RBFNN model are compared with the observed values in Fig. 5 . The error is mostly in the range of 0.4 -11% while for 10 samples the errors range from 20 to 71% ͑samples 4 -9, 12-14, and 25͒. One reason for the large errors in the estimated work zone capacity values is the large percentage of trucks in these samples' scenarios ͑19-27% for samples 4 -9, 22-32% for samples 12-14, and 28% for sample 25͒. The percentage of trucks parameter significantly impacts work zone capacity by reducing mean speeds through work zones. The impact is compounded when the work zone is on an upgrade, a parameter not reported in the sample data used to train the neural network model. Furthermore, the maximum value for the percentage of trucks in the training data set is 25, thus forcing the RBFNN model to extrapolate for scenarios with higher values. It should also be noted that the data used for testing the RBFNN model suffered from several problems, including missing values for several key parameters affecting work zone capacity and differing and/or unknown procedures for data collection and analysis. Nevertheless, considering the very limited amount of training data available to the writers, the model yields reasonably accurate results for most scenarios.
The RBFNN model presented is general and is expected to perform much better when tested with a larger and more reliable data set. This observation is based on the fact that the training root mean square error is 165 vehicles per hour, which is acceptable for most practical purposes. 
Number of vehicles in queue
Work zone scenarios ͑defined in Table 2͒   1 Table 2 , clearly show the significant dependence of work zone capacity on parameters such as length, lane width, and proximity of ramps. By increasing the work zone length from 1 to 5 mi, the work zone capacity is reduced from 2,785 to 2,705 vph ͑scenarios 1 and 2͒. The width of lanes has a more significant effect, as seen from the estimated capacity values for scenarios 3, 4, and 5. The proximity of a ramp reduces capacity by only 22 vph ͑scenarios 4 and 5͒. Comparing scenarios 1 and 2 with scenarios 3, 4, and 5, it is seen that the lane merging layout produces slightly better capacity values as compared with the crossover layout. Table 3 gives the number of vehicles in queue at each hour ͑or queue delay in vehicle-hours͒ for the six work zone scenarios. The hourly traffic flow approaching the work zone ͑traffic demand͒ is given in column 2. In this example, it is assumed that the traffic demand reduction factor is 1. The maximum vehicles in queue produced by the six scenarios varies from 115 ͑scenario 3͒ to 10,193 ͑scenario 6͒. Assuming the jam density (k) is 200 vehicles per mile per lane and the queue is evenly distribution among the three lanes, the maximum queue lengths produced by these scenarios vary from 0.19 to 17 mi. The maximum determined for scenario 6 may not be attained in practice, because motorists would react to the delay and change their behavior. In any case, scenario 6 should not be adopted except for emergency situations. Work zone scenario 3 provides the best solution for this example. This scenario satisfies ODOT's requirement that queue lengths should be less than 0.75 mi long at all times ͑ODOT 2000͒.
The significance of accurate work zone capacity estimation is evident from Table 3 . Comparing scenarios 3 and 4, a slight increase in work zone capacity caused by modifying the work zone characteristic has drastically reduced the queue delay. Scenario 4 causes a daily queue delay of 7,097 vehicle-hours, as compared to only 250 vehicle-hours for scenario 3.
Example 2
This example illustrates the use of the demand reduction factor and its impact on the computation of work zone queue delay and length. Hourly traffic demand is often measured on or estimated for unrestricted freeways. However, when a work zone is established, the traffic flow approaching the work zone often reduces, as motorists change behavior in reaction to delays or delay information. Data for the six-lane freeway presented in Example 1 is used in this example. Work zone scenario 1 is analyzed. The traffic demand on the freeway and the demand reduction factors are given in Table 4 . Up to 6% of motorists change their behavior and reduce the flow approaching the work zone. The results of the capacity and delay estimation model are given in Table 4 . It is seen that the number of vehicles in queue decreases sharply as compared with the case when no reduction in demand is considered in the analysis. This example highlights the importance of warning motorists in advance and providing them with alternate routes in reduction of queue delays and lengths. It also shows that using traffic demand on unrestricted freeways for the computation of work zone queue delays and lengths will overestimate these values.
Example 3
This example illustrates the impact of work scheduling on work zone delays and queue lengths. A work zone on a four-lane ͑two lanes in each direction͒ freeway is analyzed. The work zone has a lane merging layout with one lane open, having a width of 11 ft Ten percent of the traffic stream is composed of heavy vehicles. The speed limit through the work zone is 45 mi/h. The work is of medium intensity with a duration of 6 h, and no ramps exist in the proximity of the work zone. Using the RBFNN model for work zone capacity estimation, the capacity of this work zone scenario is found to be 1,581 vph. The unrestricted freeway capacity is 3,800 vph. The hourly traffic flow approaching the work zone ͑traffic demand͒ is given in Table 5 . Three work zone starting times ͑or phasing͒ are analyzed. In phasing 1, work starts at noon and ends 6 h later. In phasing 2, work starts at 4 a.m., while in phasing 3 work starts at midnight. The results computed using the work zone capacity and delay estimation model are given in Table   Table 5 . It is seen that, by scheduling work when traffic demand is low, one can reduce or even eliminate work zone queue delays and lengths..
Conclusion
In this paper, a new model for work zone capacity and delay estimation is presented. The model considers 11 parameters in the estimation of work zone capacity: number of lanes, number of open lanes, layout, length, lane width, percentage trucks, grade, speed, work intensity, darkness factor, and proximity of ramps. A RBFNN model is developed to map a work zone scenario to its capacity. The model also considers reduction in traffic flow approaching the work zone in the computation of queue delays and lengths. Accurate estimation of work zone capacity and demand are essential for the accurate and reliable determination of work zone queue delays and lengths. Three examples are presented to illustrate the use of the new model and to highlight the significance of capacity and demand values in the analysis of work zones.
